Smoke from biomass burning is a major pollutant that directly affects climate (a process known as forcing) by altering cloud microphysics and sunlight reflectance. 1 These perturbations in turn influence atmospheric large-scale circulation and precipitation. 2 In addition to its impact on climate, biomass smoke may also affect the environment, air quality, and local weather. For these reasons, tracking and monitoring smoke in a timely manner from space is both important and necessary. One effective tool for this purpose is satellite remote sensing. [3] [4] [5] [6] [7] [8] But most current implementations of the technique are unsuitable for bright surface areas or in regions where smoke is mixed with clouds.
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We have developed a multispectral approach to detecting smoke using Moderate Resolution Imaging Spectroradiometer (MODIS) satellite remote-sensing measurements. 9 We identified smoke by filtering out other types of scenes based on differences in their spectral features. A scaled index was applied to define the confidence level of smoke pixels and to characterize the smoke intensity. Our algorithm provides a quick means of automatically localizing the smoke in an entire MODIS swath. Table 1 lists the scene types, threshold tests, and thresholds used for smoke detection over land. In the table, B denotes the MODIS band, BT indicates brightness temperature, and BTD is the brightness temperature difference.
The most important step in detecting smoke is to accurately separate it from clouds. In our algorithm, three simultaneous tests examine the BT of B31 (11 m), the BTD between B31 and B22 (3.9 m), and the reflectance of B26 (1.38 m). 10 These bands are insensitive to smoke but sensitive to the presence of clouds. The normalized ratio of B3 (470nm) and B7 (2.13 m) (see Table 1 ), whose value is scaled to [0, 1], is applied to filter out
Figure 1. The Moderate Resolution Imaging Spectroradiometer (MODIS) smoke-detection image and corresponding true-color image for 1 April 2007 in Georgia (US). The bottom images are enlargements of the inset.
soil and bright surface pixels. The reflectance of B8 (412nm) is designed to filter out water and vegetation pixels.
The average geometrical radii of smoke particles are small, within the range of 0.01-0.05 m. 11, 12 According to the Rayleigh scattering theory, the two blue bands (B3 and B8) are very sensitive to the existence of smoke. Thus, we propose that the normalized ratio of these bands-ratio (B3, B8)-be considered a key parameter in the algorithm. The ratio defines the confidence level of smoke or nonsmoke pixels and serves as an indicator of smoke intensity. A close linear relationship between ratio (B3, B8) and the reflectance of B3 indicates that the stronger the smoke, the larger the ratio value (it is generally larger than 0.15). Normalization expands the ratio from [ 0.15, 0.05] to [0, 1]. The pixels with ratios larger than 0.05 are treated as heavy smoke pixels and given the highest possible confidence value of 1. A 5 5 pixel box is used to single out pixel outliers based on the continuity of the smoke. Figure 1 shows a smoke event that occurred on 1 April 2007 in Georgia (US). The image at the top left is the MODIS true-color image of the whole swath. The top right image shows smoke detection with all confidence levels. The two bottom images are enlargements of the selected area. In the smoke image (bottom right), only smoke pixels with a confidence flag larger than 0.25 are displayed. Comparing smoke and true-color images shows that most of the smoke pixels-especially the smoke core-were detected successfully. The algorithm has been applied to other regions of the world, with similarly successful results. In a few cases, bright surface pixels were misclassified as smoke. Some pixels located at the edge of the smoke and characterized by weak magnitude were also missed. Accurate smoke identification remains a challenge that needs to be addressed and improved in future work.
Continued on next page
The algorithm described here provides a rapid means of automatically detecting smoke over land from space using MODIS satellite remote-sensing measurements. We propose a normalized ratio of two blue bands to characterize the smoke intensity and to define the confidence level of the results. Smoke was detected successfully in many locations using this approach. Nonetheless, as a next step, we plan to improve the algorithm by integrating multisensor measurements to detect biomass smoke more effectively and accurately.
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